Abstract-The goal of this work is to investigate, for a large set of patients, the motion of the heart with respiration during free-breathing supine medical imaging. For this purpose we analyzed the motion of the heart in 32 non-contrast enhanced respiratory-gated 4D-CT datasets acquired during quiet unconstrained breathing. The respiratory-gated CT images covered the cardiac region and were acquired at each of 10 stages of the respiratory cycle, with the first stage being end-inspiration. We devised a 3-D semi-automated segmentation algorithm that segments the heart in the 4D-CT datasets acquired without contrast enhancement for use in estimating respiratory motion of the heart. Our semi-automated segmentation results were compared against interactive hand segmentations of the coronal slices by a cardiologist and a radiologist. The pairwise difference in segmentation among the algorithm and the physicians was on the average 11% and 10% of the total average segmented volume across the patient, with a couple of patients as outliers above the 95% agreement limit. The mean difference among the two physicians was 8% with an outlier above the 95% agreement limit. 
I. INTRODUCTION
T HE nature and magnitude of respiratory motion of the heart has been previously reported [1] - [11] . In [1] the predominant motion of the heart due to respiration was found to be along the superior-inferior (or foot-head) direction. Manke et al. [2] built a patient specific affine-model for cardiac respiratory motion for correction in coronary MR angiography. In [4] they applied multiple navigators to capture the variability across the breathing cycle. McLeish et al. [5] performed breath-hold cardiac MRI at different stages during the respiratory cycle for 8 volunteers and 9 patients to study motion and deformation of the heart due to respiration. In their methodology, one stage of respiration was hand segmented for each patient, and then registered with the remaining datasets. The largest extent of motion of the heart was found in the superior-inferior (SI) direction with a mean translation of 8.25 mm, observed in the 9 patients. This value was larger in the volunteers. Shechter et al. [6] analyzed cardiac motion in biplane coronary angiograms from 10 patients while normally breathing. Again the largest component of motion was SI translation, with a smaller mean value of 4.9 mm and maximum of 8.0 mm. Jahnke et al. [7] considered a total of 32 patients undergoing routine cardiac examination and applied different respiration motion correction techniques with increasing degree of freedom (just foot-head translation, all three translations and a fully affine-transformation). All motion compensation models showed significantly higher cross-correlations when compared to "no compensation". In particular, the affine transformation algorithm achieved the highest cross-correlation values with a significant increase compared to a fixed 1-D translation (foot-head direction). The registration kernel was chosen to be a 3-D ellipsoid around the entire heart. A. P. King et al. [8] used a patient-specific model for correction of respiration in x-ray guided catheterization using a MRI roadmap. They build a affine-model of respiration from a quick pre-procedure scan 0018 -9499/$26.00 © 2009 IEEE registered to the high-resolution "road-map" scan. The structures of interest (such as 4 chambers and/or major vessels) were segmented in the high-resolution scan by using Analyze software. Boucher et al. [9] measured the amplitude of motion of the left ventricular apex as seen in respiratory-gated PET studies of 10 subjects. They observed a mean translation of 6.7 mm in the coronal plane. Livieratos et al. [10] measured the displacement of the centroid of the cardiac blood pool in 10 patients undergoing PET imaging. Again the greatest motion was translational in the SI direction, with an average of 8.5 mm. Klein et al. . [11] investigated left ventricular motion in 9 subjects breathing normally during respiratory-gated PET imaging. They segmented the left-ventricle from one stage by thresholding, and then registered the remaining stages using a 12-degree-of-freedom (DOF) affine motion model. The calculated mean motion in the SI direction over 9 patients was 11.5 mm (leaving out one patient with exaggerated forced breathing).
We also have presented results employing preliminary algorithms for semi-automated segmentation and registration of the heart in non-contrast-enhanced CT studies, and investigated the effect of respiratory motion of the heart in several patients [12] , [13] . Herein, we report an improved algorithm on motion estimation in a set of 32 patients imaged during normal tidal breathing by non-contrast-enhanced respiratory-gated 4D-CT. The 4D-CT datasets from each of these patients consist of 3-D data covering the heart region for 10 stages during the respiratory cycle. Our strategy for motion estimation was to first semi-automatically segment the heart region in the first of the 10 stages, and then estimation cardiac motion in the subsequent stages by registering the segmented stage to each of them. The output transformation parameters of the registration allowed us to estimate the gross 12-DOF affine motion of the heart at each stage due to respiration. It is emphasized that segmentation step was needed because the heart is adjoined by the lungs, liver, ribs, and other structures, each of which move independently from the heart and to different extents. We devised and report on a method of semi-automatic methods of cardiac segmentation for use in non-contrast enhanced CT studies. Our segmentation algorithm does not require the elaborate step of constructing an atlas from many training datasets, as used in [14] , [15] . Instead, we use simple geometric shape-priors to initiate segmentation which is followed by a 3-D level-set based semi-automatic algorithm. Our segmentation methodology was compared against interactive hand segmentation performed by two physicians. The physicians' segmentations were also used for independent respiratory motion estimation and the three motion estimates were compared. In the following we describe the acquisition of the 4DCT dataset employed, our segmentation methodology, the use of the segmentation cardiac regions to estimate motion by registration, validation of our segmentation methodology by comparison to the hand-segmentations of two physicians, and finally the estimated cardiac motion determined in this set of patients.
II. RESPIRATORY GATED CT ACQUISITION
4D-CT datasets from 32 patients acquired using a GE Lightspeed 8-slice CT system were obtained with IRB approval from the University of Texas, M.D. Anderson Cancer Center. The studies were not acquired for the purposes of this investigation. They were retrospectively selected as those which matched the needs of this investigation from those acquired clinically. The acquisition protocol has previously been described in detail [16] . Briefly, the x-ray collimation was 8 times 2.5 mm. CT scanning was conducted using cine-mode acquisition. Gantry rotation was 0.5 sec. The duration of data acquisition at each table position was the duration of the patient's average respiratory cycle plus 1 sec. The reconstruction interval between two consecutive images was 0.45 sec or less so that there were over 15 samples per respiratory cycle. The RPM optical monitoring device from Varian Medical Systems, Palo Alto, CA was used to record the height of a reflector placed on the abdomen of the patients as a signal related to respiration. After image reconstruction, the cine CT images were correlated with the corresponding respiratory waveform to create 10 phases of 3-D CT images over a respiratory cycle, thus making the 4D-CT images by use of phase binning. All the patient data were stripped of patient identifiers in compliance with the Health Insurance Portability and Accountability Act (HIPAA). The volumes were voxels, with the -dimension (S) varying with different patients. The voxel dimensions were mm mm mm. Before applying the segmentation algorithm, the CT-numbers of the datasets were windowed for each patient, to provide better visualization for interactive segmentation by physicians which was used to validate our semi-automatic segmentation. The process involved windowing such that CT-numbers in the range of 400 to 200 were mapped to 0-255. The windowing parameters were kept the same for all patients. We also cropped the datasets to reduce the data size, yet cover the heart adequately. The cropped dimensions were 201-220 voxels in transverse directions, and 32-81 voxels in axial (z) direction. One caveat is that the 4D-CT acquisitions were acquired using phase as opposed to amplitude binning, but the latter has been shown to result in fewer motion artifacts in CT slices [17] . The 32 patients included in this study were specifically selected based on their RPM tracings to have had a regular respiratory pattern during CT acquisition. For such regular-breathing patients the difference between phase and amplitude binning is not likely to be significant.
III. SEGMENTATION

A. The Challenge
The CT datasets lack contrast between the blood-pool and wall. The heart has high contrast against the lungs; however, the densities of the heart and liver are similar. Thus, sometimes the slices are without clear heart-liver boundaries which make the segmentation of heart in non-contrast studies challenging. An example is given in Fig. 1(a) . In this work a 3-D segmentation algorithm is presented. The approach was to assume an initial prior model for the heart shape as a first step in segmentation, with the assumption that the inherent spatial continuity of the model would help in segmenting the heart from the liver. To avoid building large training sets to find a prior model, our approach was to use a simple ellipsoid prior-shape that matched the major characteristics of the heart, as our starting point. This step was the only interactive part of the algorithm. Axial as well as coronal views were used to aid the placement of the prior. See Fig. 1(b) showing the cross section of the ellipsoid for the coronal slice and Fig. 1(g) showing that in a trans-axial slice for a second patient. Then a geometric active surface evolution was used to perform the segmentation [18] - [24] . This is done according to weighted minimal-surface distance map evolution as derived in [18] . The weights were inversely related to the gradient strengths, thereby attracting the surface to the nearest gradients. Fig. 1 (c) and (h) shows the final segmentation for the examples. Considering Fig. 1(c) , wherever the liver and heart have similar intensities and do not have too many strong gradients in between them, the surface would not evolve significantly there. Thus, the prior-shape boundary largely determined the indistinct parts of the boundary between the heart and the liver. The algorithm is described in more detail in what follows.
B. 3D Segmentation Algorithm
The 3-D Segmentation algorithm had 3 distinct steps.
1) First
Step: 3-D Ellipsoid Prior Shape: First a 3-D ellipsoid is manually fit to the heart using coronal and axial views of the heart. At this very first step, we visually place the ellipsoid by manipulating the 12 degrees-of-freedom (DOF) of the ellipsoid to achieve the desired fit. The 12 DOF altered are three scale factors, three shears, three rotation angles, and finally three translations. In reality, just changing the three scales, the three translations and two angles (about y axis and z-axis) was sufficient to place the 3-D ellipsoid satisfactorily for all datasets considered. Our two main goals with this step were to clearly separate the heart and the liver inferior to the heart in 3D, and also to delineate the heart from other organs such as esophagus, ribs and so on, in the anterior-posterior (AP) direction. Some anatomical knowledge is necessary for placing the prior-shape about the heart. This is the only non-automated step in the 3-D algorithm. The next two steps are fully automatic.
2) Second
Step: Level-Set Segmentation Bounded by 3-D Ellipsoid: Our initial surface is an ellipsoid. However at this stage, parts of this ellipsoid may be protruding into lungs; see Fig. 1 
(b).
We would like to collapse these parts of the ellipsoid to the surface of the heart. We adopted a geometric active contour (surface) evolution method [18] for achieving this. This involves an implicit method of describing a surface as a zero level-set of a distance-map function, of the surface from all the voxels. Creating a distance map for a general 3-D surface is computationally expensive. Ideally one would have to compute the nearest distance to the surface for all the voxels, which implemented in a brute force manner would take time proportional to , where is the number of points on the surface and are the dimensions of the object. There are approximations that can be used to compute the distance map to a generalized surface [19] , [24] . However in this work, we devised a simple, fast, intuitive method to collapse the ellipsoid to the lung-heart boundary as well as to compute the approximate distance map to this new surface in two fast steps, taking only roughly 2 to 3 times . We start by interpolating and "closing" the ellipsoid surface in all three directions. We next compute the mean and standarddeviation inside a sphere of 5 pixel radius which is centered at the center of the ellipsoid and compute two thresholds, . Then we start at the center of the spherfe and run a 3-D seedgrowing algorithm to grow a region within these two thresholds, bounded by the closed surface of the ellipsoid. This region is called henceforward. We used 6-connectivity in 3-D to obtain the region . The resulting mask is a connected region of "0" and "1" inside the original ellipsoid, with "1" at voxel locations which were valued within the two thresholds. Now we proceed to find the approximate distance map for the outer-boundary of this mask.
In [18] , weighted minimal surface evolution has been derived in 3-D in general to give the evolution equation (1) where is a general segmentation function, which will be (locally) minimized at the object boundaries. is the velocity term. The first two terms are in effect minimizing functional , where is any appropriate function of the image minimizing which would achieve the required segmentation. A popular [18] , [24] "segmentation function" is where is an appropriate power, usually . It is also typical to use a smoothing operation on the image before taking the gradient. The function then would be inversely related to the (gradient-based) edges of the image and the (1) then tends to evolve the surface such that this functional is minimized along voxels of the final surface. The velocity term helps the evolution when the surface is initialized (via an initial distance map) far from any edges. The final surface is the zero level-set of the (evolved) distance map function , that is the set of voxels for which . We used (1) with some minor modifications for our purpose (as explained in detail below).
First the mask defining the region is smoothed with a Gaussian kernel to get another mask . The gradient of this smoothed mask will have high values at the boundary of the region and zero or low values elsewhere. We compute a "segmentation function" (2) This function has nearly a constant value of 1 where gradients are low or zero (non-boundary regions) and has low values at high gradients (boundaries). We then applied a modified version of the weighted minimal-distance surface evolution technique ( (1)) to approximately find the distance map for the outer surface of the region (as explained below). We start with our small sphere (of radius 5 voxels) at the center of ellipsoid and analytically compute the distance map of the sphere to all the voxels. Then we evolve the sphere so that it minimizes along on its surface, or minimize the criterion [18] , [24] . In other words, we want to find the surface such that the sum-total of the function evaluated at all the surface points reaches a minimum. For the purpose of finding the distance map of the boundary of the region , instead of the outward velocity term being dependent on as in (1), we have made it proportional to . That is, the velocity is "1" or "0" according to the unsmoothed mask of region . We also found it useful to add an additional curvature flow term to make the surface evolution smoother. The iterative evolution used for Step 2 is therefore
The relative weights , and determine the relative importance of the "function" minimizing term, the curvature term, and the velocity terms, respectively. We used , and , found by trial and error. We found that 500 iterations were adequate to obtain an approximation of the distance map of the boundary of for all the patients.
3) Third
Step: Fine-Tuning Surface to Nearest Edge: We obtained a fairly good segmentation of the heart by just the region . The protrusions into low-CT-number regions of the lungs were collapsed. However we may still have cases where the prior-shape boundary fell inside the heart. As a last step here we fine tune the surface obtained in Step 2 to the nearest edges in the original dataset. Here we use the weighted minimal-surface evolution given in (3), by minimizing the function (4) Note that in Step 3, compared to Step 2, we use a different , composed of gradients of the original intensities and not those of the mask. We also do not use the ballooning force (the velocity term) since that would defeat the purpose of the delineation of the organs by the prior-shape and make the segmentation leak into the liver. Thus, in our evolution equation for Step 3, (3), was used with the values , and and the function given in (4). This is also equivalent to the original (1) with the velocity term and given by the function in (4). The number of iterations used was 100 for all patients.
At the regions where the intensities were similar across the boundaries of organs, such as the heart-liver interface, there would not be strong gradients. Hence, the segmentation at those regions remains largely determined by the prior-shape chosen in Step 1. A further step could possibly be to introduce another "shape-prior" term in (1) similar to the idea presented in [22] , such as, , where is the distance map of the prior-shape, obtained by the Step 2. This term would make the evolving distance map stay close to the prior-shape with the parameter determining the degree of importance to give the prior relative to the other terms. However, for our purposes we found it was not necessary to use this prior-shape term.
IV. REGISTRATION AND MOTION ESTIMATION
Once the first stage of respiration was segmented for each patient, the 12-DOF affine transformation registering the other stages to the first was determined as the mechanism for estimating respiratory motion of the heart in that patient. The usage of the 12-DOF affine transformation model to represent respiratory motion of the heart is based on the studies of cardiac respiratory motion in breath-hold MRI by McLeish et al. [5] , and the determination by Manke et al. [2] - [4] of its utility in correcting for respiratory motion in MR coronary angiography and also by A.P. King et al. [8] for X-ray and MRI-roadmap guided cardiac catheterization. Its usage is to reduce the motion to 12 parameters for reporting and modeling purposes. The 12 DOF affine transformation matrix is given by (5) The first term on the right is an upper-triangular matrix with the three scale and the three shear parameters. The second term is the rotation matrix , composed of three rotation matrices about the , , and axes. The final term is the translations. The rotations and translations were obtained about and along the , , and axes which correspond to the Right-Left (RL), anterior-Posterior (AP), and Superior-Inferior (SI) axes, respectively. The center of rotation was taken as the center of segmented heart volume of the first stage of respiration for the patient. The initial three scaling values and three shear values were set at 1.0 and 0.0 respectively.
We use intensity based image registration [25] . The criterion used to determine the transformation matrices was the minimization of the sum squared difference (SSD) of the intensities which was calculated as (6) where are the intensities in the dataset for the first stage of respiration (end inspiration) and are the intensities for the other datasets (the Stages 2-10 in turn) which are registered to the first. A gradient descent optimizer was used iteratively. Analytically derived gradients were used for minimization and parameters were updated with iteration according to Here, the are the learning rates, the order of magnitude of which depend on the image intensities. The relative sensitivity of the different parameters and algorithm speed also determines these learning rates. For all transformation estimations, only the voxels that correspond to non-zero voxels in the first (segmented) stage were considered. Tri-linear interpolation was used to interpolate all the voxels of the second dataset into the transformed co-ordinates. The applied transformation was actually the inverse of the estimated transformation. In other words, as our algorithm progressed, the second dataset was transformed and gradually registered to Stage-1, while the estimated transformation (inverse of that applied to second dataset, for every iteration) was actually the transformation necessary to register Stage-1 to the second dataset. The registration algorithm was executed in batches on a Linux cluster of more than 170 nodes. Each node had dual AMD processors and at least 2G of RAM.
Before registration all the volumes were re-sampled to obtain a uniform voxel grid of dimension 0.98 mm in all directions. The 9 other respiratory stages were registered with the first stage to first obtain the 12-DOF motion parameters. For the purpose of validation of the registration (as described in next section) the volumes were re-sampled back to original dimensions mm mm mm .
V. VALIDATION
A. Validation of Segmentation Algorithm
For each patient, a comparison was made between the semiautomatic 3-D segmentation and that of two physicians (a cardiologist and a radiologist) involved in this investigation. The physicians used a graphical-user-interface (GUI) to manually trace out the heart region on the CT coronal slices of the first stage of respiration using a mouse. They segmented all the slices they judged to be clearly belonging to the heart. The physicians included some of the blood-vessels such as the aorta and the inferior vena cava during interactive segmentation, since it was difficult to consistently exclude them.
The evaluation method was based on the method by Bland and Altman [26] , where to compare across two methods the differences are plotted versus the means, for all the samples. It is typical also to draw the average of the difference across the samples, and lines, which would indicate a 95% acceptance limit if the distribution of the difference was normal. We normalize the difference and mean by the average segmented volume of all the patients by all the three methods.
When evaluating the algorithm, any slices that the physicians left out un-intentionally or were unable to segment were automatically set to zero and not calculated as errors. The top few rows from each coronal slice were systematically cropped for all datasets, so as to be consistent in the amount of aorta included by the three different segmentations.
B. Validation of Overall Method: Registration and Segmentation
One way to validate our registration method would be to determine if selected features aligned at the same location in the reference dataset (Stage-1 or end-inspiration) and at the other stages of respiration once they had been registered to Stage-1.
However, our clinical co-authors advised that it would be difficult if not impossible to reliably determine the location of features between different stages of respiration in these non-contrast-enhanced datasets. Thus, instead the entire contour boundaries of the heart for (the already segmented) Stage-1 and that segmented in Stage-7 (approximately end-expiration) after registration to Stage-1 were compared. The contour boundaries of the registered version of Stage-7 were obtained using our semiautomated segmentation algorithm, after the registered slices of Stage-7 were re-sampled back to their original dimensions mm . Then the segmentation errors were computed with respect to the stage 1 segmented dataset by Bland and Altman method [26] as discussed in previous section.
VI. RESULTS
A. Segmentation and Registration
The results of our semi-automated segmentation method were compared with those of the two physicians denoted as Physician 1, and Physician 2. By qualitative visual inspection of the coronal slices, the similarity of the segmentation appeared good overall between the three methods. The separation of the liver and heart was very good. The inclusion of major blood-vessels (mainly the aorta and inferior vena cava) varied between and across the two Physicians and the algorithm. Considering trans-axial slices, the 3-D algorithm (Algo) was observed to be similar to the segmentation of the two Physicians. In the anterior direction, Algo and Physician 1 had comparable results. Physician 2 did err on the side of caution for some patients and excluded some voxels in the anterior direction.
Results for two patients representative of the different sizes and different noise-levels in our datasets are shown in Fig. 1 . Shown in each Fig. 1(c) -(e) is a coronal Stage-1 CT slice from a patient superposed by the contour estimated by 3-D segmentation algorithm, and the contours drawn by Physician 1 and Physician 2, respectively. Fig. 1(h)-(j) shows axial slices for a different patient. These results show the Algo as the smoothest of the three in the trans-axial direction and that all three algorithms include most of the same pixels. Fig. 2 shows the plots of the normalized "difference" versus the normalized "mean" as described in Section IV-A, for quantitative comparison of the degree of agreement between the pairwise comparison of the Algorithm and the two Physicians. Since the ambiguity in the blood-vessel segmentation superior to the heart was inconsistent between the physicians themselves and between the algorithm and the physicians and not very relevant to the segmentation of the heart, some of the voxels in this region were cropped for all three segmented datasets before comparing them quantitatively. Fig. 2 top-row shows the normalized difference versus normalized mean plotted for the pair-wise comparisons between the Algo, Physician 1, and Physician 2. We observed that most of the patients have differences below the mean. There are a couple of outliers above the upper-limit of the 95% agreement line, which is driving up the value of the mean and the standard-deviation. The bottom-left shows the Physician 1 and Physician 2 comparison. This has a tighter 95% bound and one outlier. The mean and the standard-deviation (across patients) of the normalized difference between Algo and Physician 1 is given by (0.11, 0.056) and that between Algo and Physician 2 is given by (0.095, 0.049). The mean and variance between Physician 1 and Physician 2 is given by (0.08, 0.034). Note that the means indicate on the average the percentage differences are about 11%, 10% and 8% of the average volume across all pa- To obtain a quantitative measure of registration accuracy across all patients, Stage 7 after registration to Stage 1 was segmented for all the patients using the 3-D segmentation algorithm. A comparison was then made between voxels that were segmented in the registered Stage 7 to those segmented in Stage 1. For this case we normalized by the voxels in the original Stage 1. Fig. 2(d) shows the plots of the normalized difference versus the normalized mean of the two segmentations by the Algo. The mean and the standard variation for the normalized difference is (0.07, 0.036). The match is therefore within 7% of the average volume across all patients, with a couple of outliers.
B. Cardiac Respiratory Motion Estimation Results
For respiratory motion estimation via registration a fixed number of iterations of 3000 was used. For the three scaling and rotation parameters, the learning rates used for most patients were while those for translations were . For the shear parameters they were . The parameters of the 12-DOF registration constitute the respiratory motion estimates for the hearts in the 4D-CT datasets. For all patients, the magnitude of motion relative to end-inspiration (Stage 1) steadily increased till it maximized around Stage 6, 7, or 8, which was thus end-expiration for that patient. It then decreased back towards end-inspiration. The majority peaked around Stage 7. The largest displacement was superiorly along the SI axis. These trends are seen in Figs. 3 5 which show the mean 12 DOF parameters as a function of respiratory stage for the 3 different methods of segmentation. For display purposes, the 12-parameters were grouped into plots of three scales, three shears, three rotation angles and three translations. Stage 1 was the end-inspiration stage and all motions were relative to it. The first 6 to 7 stages belong to the expiration cycle, which was typically longer than inspiration. Typically Stage 6, and 7 (and on rare cases, Stage 8) was end-expiration. Since the SI translation was the most significant parameter, its one-standard-deviation bar was shown in these figures. Notice that the variation of the mean values for the other 11 parameters is small in comparison. Table I shows the mean, SD, and maximum values for the 12 parameters for Stage 7 for the three registration methodologies (using the 3-D algorithm segmentation, and the two Physicians). The SI translation was the largest with a mean value of 6-7 mm (depending on segmentation methodology), and maximum of 10-11 mm. The AP translation was the next largest with a mean of 1.5-2 mm, and a maximum of up to 5 mm. The lateral translation was the least with an average value of less than 1 mm, but maximums of over 5 mm. Of the rotations, the roll about the RL axis was the most significant, followed by a flip around the AP-axis; however, these are very small. The product of the scale-terms (D) was also calculated to determine if a volume change was detected. This parameter is shown in the last column of Table I . Overall was found to be close to unity (0.96-0.97).
VII. DISCUSSION
While it is inexact to compare across studies because of differences in ways of controlling respiratory for imaging and motion estimation methodologies, the mean and maximum values (6.4 mm and 10.7 mm) of the SI motion parameters obtained herein were similar to what has been reported in the literature. Our estimates lie in between the free tidal breathing estimates from 8 coronary angiograms for patients by Shechter et al. [6] (mean 4.9 mm, max 8 mm) and the values for breath-holding at extents of normal respiration for 9 patients reported by McLeish et al. [5] (mean 8.3 mm, max 14.3 mm).
For respiratory motion estimation the segmentation was necessary to eliminate the liver and other structures which move differently with respiration and may lead to errors in motion estimation. To achieve this we developed a 3-D semi-automatic cardiac segmentation algorithm for non-contrast-enhanced CT studies, where we place an initial ellipsoid and then run a minimal-surface-based segmentation algorithm. In the higher gradient areas such as against the lungs the ellipsoid placement is not very critical since the subsequent steps would achieve a good job of accurate segmentation. To aid the placement of the ellipsoid to delineate the lower-gradient regions such as the liver-heart boundary, we had the option of full 12-DOF affine parameters (scales, shears, rotations, and translations) to place the ellipsoid. However we found that we needed only a subset of those parameters to place the ellipsoid satisfactorily to delineate the heart and the liver for all the patients. Note the resultant ellipsoid may protrude into the lung-area, which is handled in the subsequent steps of segmentation. The task for which the semi-automatic segmentation was developed was to prune-down the voxels being compared in the registration step to those of the heart for purpose of motion estimation. While a perfect segmentation is not critical for this task, our success in achieving segmentations is seen in the good agreement with those of 2 experts.
The motion estimates were similar using the 3-D algorithm for segmentation vs the segmentations of the Physicians. Thus, it appears our segmentation methodology was sufficient for its purpose. The advantage of using the 3-D algorithm is that it is an order of magnitude faster than the manual segmentation by the physicians. The only non-automated part of the algorithm is placing the prior-ellipsoid and it is possible to achieve than within minutes. The Physicians took about an hour for each patient.
We estimated the rotation, scaling and shear about the centroid of the first segmented volume. Therefore, the translation estimates are effectively only for the centroid. Other points could be moving more. The apex of the pericardial sack of the heart for example would be flapping and rolling due to the rotation and having more movement for some patients. Note that in this study the patients were CT imaged at rest. Larger respiration motion would logically be expected following physical exercise as per patients undergoing exercise-stress imaging. Similarly the period of time taken for CT imaging is short compared to that of SPECT imaging. Thus, in SPECT patient have more time to alter their respiratory pattern during imaging and this will increase the impact of respiration in studies when it occurs.
One potential limitation of this study is that cardiac motion was ignored in this work. The cardiac cycle is typically less than 1 sec and the respiratory cycle is approximately 4-6 sec. We employed a time between successive CT image reconstructions of 0.45 sec or less. Thus, unless the cardiac cycle is an exact multiple of the time between successive reconstructions, the binning process would to some extent average over the cardiac cycle. Certainly the impact of sampling would be greater on cardiac motion than on respiratory motion. Also there is no blood-pool contrast in the datasets. Thus, we are essentially seeing the respiratory motion of the pericardial sack of the heart, and not the contractions and expansions of the myocardium. It has been demonstrated that the contents of the pericardial sack are relatively constant during contraction in the intact human thorax [27] . This is the result of the atria filling as the ventricles move towards the apex causing the myocardial walls to thicken, with the combined effect pumping out blood. Also it has been determined that that cardiac gating of transmission imaging for attenuation map formation is not needed when using both respiratory and cardiac gating of PET emission studies [28] . Thus, it seems likely that our lack of having available combined cardiac and respiratory datasets should not be a major limitation of the motion estimated in this study, but may have had some impact.
Given the magnitude and variability of cardiac motion due to respiration motion determined herein one can expect the impact will vary with patients and imaging modality. For cardiac SPECT, a mild impact on image quality is expected for patients imaged at rest, since the 1 cm or greater system spatial resolution will dominate image blurring. A greater impact would be expected for cardiac PET due to its superior spatial resolution compared to SPECT. One caveat is that cardiac emission acquisitions are much longer than the CT acquisitions used here. Hence, there could be potentially more variation in respiration during emission imaging resulting in a greater impact than might be expected based on the results of this study. For example, "upward creep" of the heart during SPECT due to a change in patient respiration primarily following exercise-stress has been know as a cause of artifacts [29] .
VIII. CONCLUSION
In this work, motion of the heart due to respiration in 32 patients was investigated. To perform this investigation we developed a semi-automated 3-D segmentation algorithm which overcomes some of the challenges of segmenting non-contrast enhanced images of the heart. Our semi-automated segmentation results were compared against interactive hand segmentations of coronal slices by a cardiologist and a radiologist. On pair-wise comparison of the difference of segmentation between the Algo & Physician1, Algo & Physician2 and Physician1 & Physician2 are 11%, 10% and 8% respectively of the average segmented volume across the patients. The 3-D segmentation was an order of magnitude faster than the Physicians' manual segmentation and represents significant reduction of Physicians' time. The segmented first stages of respiration were registered to the other respiratory stages for 32 patients to obtain 12-DOF respiratory motion parameters. Our results indicated superior-inferior (SI) axis translation to be the largest component of motion with a maximum of 10.7 mm (moving superiorly on expiration) and a mean SI translation of 6.4 mm. Translation in the anterior-posterior direction was the next largest in magnitude with an average of 1.7 mm and maximum of 4.0 mm (moving posteriorly with expiration). Translation along the right-left axis was the least on average. A rotation of 1.6 degrees on average about the right-left axis was noted with a maximum rotation of 4 degrees. The other rotations, scaling, and shear parameters were all close to zero on average indicting the motion could be reasonably well approximated by rigid-body motion. However, the product of the three scale factors averaged about 0.97 indicating the possibility of a small decrease in heart volume with expiration. The motion parameters were similar whether we used the Physician's segmentation or the 3-D algorithm.
